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Abstract 
Using the theory of machine learning to spectrum cognition and management is a necessary requirement of realizing 
cognitive radio technology. In order to evaluate the performance of wireless channel spectrum sensing strategy 
effectively, the statistical mean value is put forward as evaluation criteria for the cognitive user with fixed rate service. 
Study shows that, for the objective license channel vacancy and occupancy state time with exponentially distribution 
as well as the same distribution parameter, vacancy state probability follows uniform distribution. Then, the paper 
analyses how the channel time detection threshold have an influence on throughput. With the increasing of sample 
size, the estimate of throughput converges in probability to its statistical mean value. Simulation indicates that the 
spectrum sensing throughput performance of the cognitive user with fixed rate service based on machine learning 
achieves better performance compared with random spectrum sensing. Ultimately, the channel time detection 
threshold is achieved when maximizing the statistical mean throughput. 
© 2011 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of Harbin University 
of Science and Technology 
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1. Introduction 
With the advent of information age, wireless communication is playing an increasingly important role. 
In order to relieve a relative shortage of spectrum resources effectively, it is necessary to introduce a new 
intelligent wireless communication technology which is called Cognitive Radio (CR)[1], which has 
sufficient intelligence or cognitive ability to be sensing, analysis, learning, reasoning and planning the 
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wireless surrounding environment based on the history and current state in order to adjust its internal state 
to the change of environment. 
Nowadays, Machine Learning (ML) is an important field of artificial intelligence[2]. For cognitive 
radio, the observation and learning are two important parts of cognitive cycle. In recent years, researching 
on cognitive radio has mainly focused on spectrum sensing, which is the observation part of cognitive 
cycle. Using the theory of machine learning to spectrum cognition and management is a necessary 
requirement of realizing cognitive radio technology[3]. Continuous time Markov model is used in 
Reference [4] to the spectrum occupancy for WLAN, experimental data shows that fitting spectrum 
vacancy and occupancy time with exponentially distribution achieves an excellent performance, but fails 
to further explain theoretically. In the case of wireless spectrum environment, where the objective license 
channel vacancy and occupancy state time with exponentially distribution, by using the idea of active 
spectrum sensing based on machine learning, detection intervals are optimized in Reference [5] in order 
to maximize the opportunities for spectrum access, and avoid secondary users interfering on primary user 
as much as possible. However, it fails to set different performance evaluation parameters for different 
service types. 
In response to the above situation, for the cognitive user with fixed rate service, the paper sets the 
statistical mean value as evaluation criteria. Study shows that the cognitive users based on machine 
learning and prediction spectrum sensing achieves throughput performance improvement compared with 
spectrum sensing randomly. Ultimately, the paper puts forward to the relationship between the statistical 
mean throughput and the channel time detection threshold. 
2. System model 
Figure 1 illustrates the general model of cognitive user predicting the state of objective license 
channels. The time of OFF and ON are independent of each other with exponentially distribution with 
mean value α and β, respectively[4]. Therefore, the change of spectrum environment in cognitive radio 
can be considered as the process of channel vacancy and occupancy states appear alternately[6].
ONOFF OFF OFF ONON OFFOFF
OFFOFF ON OFFOFF OFF ON ON
ON OFFON OFF ON OFF OFF ON ONOFF
Channel 1 
Time Slot1 2 3 4 5 6 7 8 9 10 
Channel 2 
Channel N
ON ON
ON ON 
Cognitive user predicts N objective 
license channels based on the result 
of machine learning each time slot. 
.  .  . 
.  .  . 
.  .  . 
.  .  . 
.  .  . 
Figure 1. The model of predicting objective license channels 
For the different service types of cognitive users, set two evaluation criteria namely packet loss rate 
and throughput[7]. Packet loss rate is fitted for fixed rate service cognitive users, such as 64kbit/s voice 
services, while throughput is for variable rate service cognitive users, such as compression packet voice 
communications. In order to evaluate the performance of wireless channel spectrum sensing strategy 
effectively, different from Reference [7], the paper puts forward to the statistical mean throughput as 
evaluation criteria for the cognitive user with fixed rate service. Research shows that compared with 
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random selection license channel, spectrum sensing based on machine learning and prediction achieves 
better performance. 
3. The distribution of vacancy probability 
Assumes that the state of vacancy and occupancy time of objective license channel are independent of 
each other with exponentially distribution, which mean value are α and β, respectively. The probability 
density function of vacancy state time X is e , 0( )
0, 0
x x
f x
x
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, and the probability density function 
of occupancy time Y is e , 0( )
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. Define the duty cycle of objective license channel 
βτ α= , which is an physical quantity characterized by the mean vacancy level of objective license 
channel. According to probability theory, the probability density function of objective license channel 
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calculated. Therefore, we can naturally come to a conclusion as follows. 
Theorem: If the state of vacancy and occupancy time of objective license channel are independent of 
each other with exponentially distribution, then ƒ(p) is only related to its duty cycle τ. In particular, when 
the duty cycle τ equals 1, the vacancy state probability P follows uniform distribution. 
The graph of probability density function ƒ(p) is shown in Figure 2. 
Figure 2. The distribution of random variable P 
4. The statistical mean throughput 
For the cognitive user with fixed rate service, according to the Shannon Theorem, in order to ensure 
reliable transmission, the bits of information transmission rate R does not exceed to the channel capacity 
Ct[8]. Assuming the license channels independent of each other, cognitive user predicts N objective 
license channels based on the result of machine learning each time slot. Channel time detection threshold 
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S is defined as the maximum number of channels detected by cognitive user in unit time slot under the 
condition of not losing packet. After having detected S (1≤S≤N) objective license channels, cognitive 
user has not yet found vacancy channel, in order to ensure reliable transmission, cognitive user will not 
transmit data during this time slot. Assume that the probability of vacancy state for N objective license 
channels are P, and ave ( )P p  is the packet loss rate of cognitive user. Therefore, the statistical mean 
throughput of cognitive user with fixed rate service can be expressed as 
ave t S S ave( ) ( )[1 ( )] ( )dE I C T St P p f p p
+∞
−∞
= − −∫                                         (1) 
If the mean value of vacancy and occupancy state time of objective license channel are the same, 
namely the duty cycle equals 1,
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In practice, it is impossible that the sample size n tends to infinity. We usually approach statistical 
mean throughput by the method of increasing the sample size. For the cognitive user with fixed rate 
service, we can simulate the spectrum environment by assuming the number of objective license channel 
spectrum sensing N equals 25, normalized channel capacity Ct = 1bit/s, normalized slot time TS = 1s, 
normalized mean detection time tS = 0.02s. For the different value of sample size n, the relationship 
between the normalized statistical mean estimate of throughput aveIˆ  and the channel time detection 
threshold S for spectrum sensing randomly and machine learning based are shown in Figure 3. 
Figure 3. The characteristic curve of statistical mean throughput 
It can be seen from Figure 3 that with the increasing of the sample size n, the sequence aveIˆ
converges in probability to ave( )E I . Furthermore, the cognitive user with fixed rate service based on 
machine learning spectrum sensing performance achieves improvement compared with random spectrum 
sensing, and their channel time detection threshold values are different when the mean throughput 
achieves maximum. Theoretical analysis shows the packet loss rate cognitive user and the time detection 
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threshold are closely related. As the channel time detection threshold increases, the packet loss rate 
decreases. However, the increasing of cognitive user time detection threshold will lead directly to the 
decreasing of effective transmission time. Therefore, it is of great significance that how to deal with this 
contradiction, in order to maximize in statistical the bits of information throughput in unit time slot. 
5. Conclusion 
In this paper, the statistical mean throughput is put forward as evaluation criteria for the cognitive user 
with fixed rate service, in order to evaluate the performance of wireless channel spectrum sensing strategy 
effectively, Study shows that, for the objective license channel vacancy and occupancy state time with 
exponentially distribution as well as the same distribution parameter, vacancy state probability follows 
uniform distribution. Futhermore, the paper analyses how the channel time detection threshold have an 
influence on throughput. Simulation indicates that the spectrum sensing throughput performance of the 
cognitive user with fixed rate service based on machine learning and prediction achieves improvement 
compared with spectrum sensing randomly. Ultimately, the channel time detection threshold is achieved 
when maximizing the statistical mean throughput. 
In order to achieve better performance in the future, it is of great importance to combine the spectrum 
sensing and machine learning more closely, which consequently, leads the meaning of cognitive radio 
into depth. 
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